Keywords-surface discharges; single neural network; ensemble neural network.
I. INTRODUCTION
Over the years, several fault phenomena are known to occur within high voltage (HV) transformer oil insulation systems. Among them, surface discharge along an oil-pressboard interface is one of the most widely investigated [4, 6, 9] . If left unattended and subjected to long stressing periods, the discharges can degradate the oil/cellulose material and may lead to total failure of the equipment. One technique utilized by researchers to study surface discharge on an oil-pressboard interface is the point-earth configuration [4, 9] . Persistent surface discharge on the pressboard surface leads to surface tracking which appear as a treeing pattern emanating from the needle point position. According to the literature [9] , surface tracking is caused by the drying process of the pressboard and the carbonization of the cellulose and oil.
Recently, surface discharge for an oil-pressboard interface over different applied voltages and degradation levels has been investigated and classified by artificial intelligence systems [4] . However, no work has been carried out to investigate the influence of the angular positioning of the needle interface pressboard and how this may affect the surface discharge patterns and the ensuing degradation. Further as a consequence, the capability of a recognition system to identify angled point-oil-pressboard degradations has not been investigated.
To recognize partial discharge (PD), statistical fingerprints from φ-q-n (phase-amplitude-number) patterns have been widely applied for recognition feature extraction, i.e. to choose the training and testing parameters for the recognition systems [1] . Recently, the ensemble neural network (ENN) has been regarded as a potential technique to improve discriminating statistical variations in the surface discharge φ-q-n patterns emanating from prolonged oil-pressboard degradation [4] . An ENN is a model technique for training a number of single neural network (SNN) models and combining their predictions [8] . As a further investigation, this paper therefore applies the ENN and SNN to classify and discriminate different angular positions of a needle point on pressboard surface.
The novelty of the work presented in this paper is as follows: Firstly examining and comparing the PD patterns captured for two different point-pressboard-interface angles (i.e. 10 0 and 45 0 ) during an extended time period and correlating the discharges with tracking damage on the pressboard surface. Secondly to determine the ENN performance capabilities in discriminating surface discharges from the two angle geometries over similar degradation intervals and compare it with SNN performance.
II. EXPERIMENTAL TEST SYSTEM
The surface discharge fault was simulated by an experimental test arrangement as shown in Fig. 1 . A pressboard, conditioned to 4.2% moisture content was immersed in a container filled with Castrol insulating oil [5] . The moisture content in the pressboard was determined by the weighing technique in accordance with the literature [8] . The point needle was of length 30mm with a 10μm tip radius. For the 2 point-interface-pressboard angles (Ф o ) of 10 0 and 45 0 , measurement of surface discharges were made by a PD detection system, in accordance to the IEC 60270 standard [7] . The system allows the capture of apparent charge and also generates φ-q-n patterns over specified time intervals for analysis.
III. THE ENSEMBLE NEURAL NETWORK
An ENN refers to a technique for training a number of SNN models and aggregating their component predictions. The motivation for this technique is based on the fact that by aggregating the prediction of a number of trained SNNs, the generalization performance of the SNN might be enhanced. It has been shown in the literature [8] , that this can only happen if the component SNNs forming the ensemble is simultaneously diverse and accurate. Among the different techniques for training the SNNs in the ensemble, bagging (bootstrapping) has been the most commonly used. In bootstrapping, a number of training fingerprints are generated by bootstrap resampling of the original dataset. Several training samples are repeated while others are simply eliminated. One advantage of bootstrapping is that it helps prevent over fitting which is common in NNs, and also provides accurate values of bias and variance [3] . To this end, this works applies the bootstrapping technique to choose the fingerprints from the original input dataset that serves as input to the component SNNs in the ensemble. The ENN result is then obtained by combining the component SNN outputs using the dynamically weighted averaging of the networks [4] .
IV. EXPERIMENTAL PROCESS
For the 10 0 and 45 0 angle geometries, PD inception and breakdown voltages were monitored prior to experimentation. These experimental parameters are similar to the measures in the literature [4] .
In each of the two experiments, the needle tip to earth gap was fixed at 45mm and the applied voltage increased until PD inception was reached. The applied voltage was then raised to 30kV and kept constant till the end of the experiment. The experiment was stopped at 3 hourly intervals to capture visually the pressboard degradation so as to correlate with the φ-q-n patterns. PD was sustained for the 15 hour period without flashover or breakdown and φ-q-n patterns regularly captured over this period.
V. EXPERIMENTAL RESULTS

A. Surface tracking and φ-q-n patterns
For the 10 0 and 45 0 point-interface-pressboard angles, examples of the φ-q-n patterns and corresponding visible tracking marks on the pressboard surfaces are shown in Figs. 2 and 3. Figs 2a and 2b show the φ-q-n distributions captured over 250 power cycles at the 15 hour degradation period. Comparing these figures, shows that discharges appear to be less intense for the 45 0 angle geometry. The occurrence of the low intensity discharges may be due to the electric filed lines spreading directed onto the bulk of pressboard rather than when the needle is placed at 10 0 , where the electric filed lines spread more along the surface of the pressboard. To this end, there appears to be more surface discharges from the 10 0 point-interface-pressboard angle. Similarly, Fig. 3 shows the observable images of the 10 0 and 45 0 point-interfacepressboard positions at the end of the 15 hour degradation period. In these figures, black tracking marks are visible for the 2 angle geometries which are likely the result of the drying action of the pressboard and carbonization of oil due to sustained surface discharges. However, the result obviously shows that the drying action is more widely spread on the pressboard surface for the 10° angle geometry, due to the space charge moving rapidly on the pressboard surface. The implication of these results is that for both the two point angles considered, surface discharges can persist for a long period without noticeable breakdown. Similar to the techniques employed in the literature [2, 3, 4] , this paper also applies 15 statistical fingerprints to classify and discriminate the φ-q-n statistical features of the 2 pointinterface-pressboard angles. Statistical fingerprints of interest include skewness (sk), kurtosis (ku), discharge factor (Q), cross-correlation (cc) and modified cross-correlation (mcc). However for easier analysis, these statistical fingerprints are usually obtained from the 2D derived plots of the φ-q-n plots i.
e. H n (Φ)+, H n (Φ)-, H qn (Φ)+, H qn (Φ)-,H n (q)+ and H n (q)-.
Definitions of these statistical fingerprints with their 2D φ-q-n derived plots can be found in [1] . A previous paper [4] analyzed statistical fingerprints for the 10 0 point-interfacepressboard φ-q-n patterns at 30kV and these result are shown in Figs 4-5. The main observation was that the PD patterns were more stable towards the last 6 hours in comparison to the first 9 hours of the experiment, possibly due to the slow movement of the space charges toward the last 6 hours. In this paper, an example of statistical fingerprint variability for the 45 0 interface pressboard angle is presented in Figs 6-7. It is evident that the sk and ku of H n (Φ)+ appear to show stability (b) (a) Fig.4 : sk and ku of Hn(Φ)+ for surface discharges from needle point placed at an angle of 10 0 onto pressboard surface, captured over 15hr period [4] . over the first 11 hrs while the sk and ku of H qn (Φ) and other statistical fingerprints appear to show variability over the 15-hour data capture. The main observation is less defined statistical variability and stability across the statistical fingerprints for the 45 0 angle geometry. Fig. 8 compares the average values of statistical fingerprints for the 10° and 45° point-interface-pressboard positions for the SNN and ENN evaluation. It is obvious that there is statistical discrimination of the 2 point-interface-pressboard surface discharge patterns. However, among them, the sk and ku of H n (q) appear to show higher discrimination of the 2 point-interface-pressboard angles. This is due to the high statistical variance of the H n (q) distribution, caused by a large number of discharges especially at lower amplitudes making the amplitude resolved patterns highly peaked. These characteristics of the sk and ku of H n (q) make them potentially good discriminating parameters for the oil pressboard interface angle discharges when compared to other PD statistical fault fingerprints. 
B. The SNN and ENN results
Previously [4] the ENN capability was compared with the SNN in classifying and discrimating different oil-pressboard degradation stages for the 10 0 needle interface pressboard in oil. Interestingly, the ENN demonstrated robust performance when compared to the SNN in discriminating the variability and stability of the PD statistical features. An SNN and ENN comparison in now presented in order investigate the classification and discrimination of the statistical patterns for the 45 0 angle geometry with respect to the 10 0 angle geometry. The training fingerprints are split into two sets, one each for the 15 hour captured datasets of 10 0 and 45 0 angle geometries.
Both the SNN and ENN were trained and tested using the statistical fingerprints for both point-interface-pressboard angles. Each set of data effectively comprises a matrix of size (60x17), where the first 15 columns represent the input data and the last two columns are the output values. The input variables are the statistical parameters as shown in Fig.6 , while the output variables are [0 1] respectively. For each interface pressboard angle, out of the 60 input row vectors, 15 rows are randomly selected as the testing set for the SNN and ENN. The ENN is formed with six constituent SNNs having the same configuration, and subsequently trained from a number of bootstrap resample data. In deciding the optimum SNN, variable learning and momentum rates were assessed over several runs and the best configurations chosen and also applied as the network parameters for the ENN. Hence, learning and momentum rates of 0.05 and 0.6 were chosen appropriately. After a trial and error strategy, one hidden layer with 20 neurons was chosen as the best configuration for this investigation. Each network was then trained with the backpropagation algorithm and training was halted when the validation error began to increase or if the algorithm reaches a maximum of 500 iterations.
In order to investigate SNN and ENN capabilities to effectively discriminate different point-oil-pressboard angles, the training and testing strategy employed is as follows: Training both the SNN and ENN with one of interfacepressboard discharge data samples (i.e. 10 0 or 45 0 ) and then testing with the other sample set. An identical strategy is then applied for the other sample. Table 1 shows the SNN and ENN recognition efficiencies when they are both trained with any of the angle geometry samples (10 0 and 45 0 ) and then tested with all samples taken separately from the two data sets. From the results, it is shown that for both the ENN and SNN trained with one interface angle sample data set and tested with the other interface angle data set that they are able to differentiate between the two angled data sets. The result also shows that the ENN always demonstrates improved recognition efficiency over the SNN in recognizing the two point-to-pressboard interface angles. Interestingly a 97% recognition rate is recorded for the ENN. However for the SNN a larger variation in the recognition rate is observed between the two angled geometries whilst the ENN provides a more robust discriminating ability. 
VI. CONCLUSIONS
An ENN technique has been applied for classification of surface discharge patterns from angled point-oil-pressboard samples and the results compared with the SNN. Statistical fingerprints of 60 row vectors form the input parameters for the ENN, describing each of the two needle-interfacepressboard angles to be classified. For the ENN, 6 constituent NNs were trained by the bootstrap resampling of the training fingerprints. Their output predictions are then combined by the dynamically weighted averaging technique to obtain the final assessment of PD from each of the two angle geometries. When compared with the SNN, the ENN classifier always shows an improved classification result in terms of recognizing PD patterns similar to the training fingerprints. However, for the SNN and ENN trained with one interface angle and then tested with another angle, the ENN appears to be more robust in discriminating the 2 angle geometries. Knowing that it is a point-plane on pressboard in oil, the results presented in this paper imply that determining the potential angle of point may be possible during early stage discharge development using NN strategies. Future work will concentrate on the capability of the ENN to classify a bank of PD data from several point-interface-pressboard angles having variability in statistical fingerprints. 
